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Abstract

One of the fundamental components of large-scale gene discovery projects is that of clustering of expressed sequence tags
(ESTs) from complementary DNA (cDNA) clone libraries. Clustering is used to create non-redundant catalogs and indices
of these sequences. In particular, clustering of ESTs is frequently used to estimate the number of genes derived from cDNA-
based gene discovery efforts. This paper presents a novel parallel extension to an EST clustering ptolyisterd |, that
incorporates alternative splicing information and a new parallelization strategy. The results are compared to other parallelized
EST clustering systems in terms of overall processing time and in accuracy of the resulting clustering.
© 2004 Published by Elsevier B.V.
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1. Introduction However, different genes are multiply expressed at
different levels in cells. The presence of this “ran-
The sequencing of cDNA libraries is the most com- dom” redundancy within the EST databases requires
mon format for gene discovery in higher eukaryotes. a programmatic method to calculate the complement
The goal of such a project is to utilize the sequences of genes they represent. These methods (termed clus-
derived from the cDNAs (ESTs; expressed sequence tering) utilize sequence-based comparisons to deter-
tags) to derive a non-redundant set. This setideally rep- mine sets of strongly similar sequences (clusters). The
resents an organism’s entire complement of genes. Theprimary difficulty associated with EST-based gene-
benefits of EST-based gene discovery include the abil- discovery projects is that ESTs are single-pass se-
ity to rapidly identify transcribed genes, the ability to quences, and as such they are relatively error prone
identify exon-intron structure (when coupled with ge- (approximately 3% on averag#]).
nomic sequence), and information on gene expression. The NCBI provides an EST sequence repository
(dbEST)[2] as well as a curated and annotated gene
~* Corresponding author. index (UniGene)[3] for several species, utilizing
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the gene complement. This paper describes and The following is a brief description of the under-
compares several programs that may be used to creatdying approach ofUicluster . As each sequence is
non-redundant “UniGene” sets from EST data, and read from an input file, it is compared against all exist-
analyzes three different approaches for parallelization ing clusters. This comparison is performed only with
of this task. the primary element of each cluster, where the primary
is a single representative sequence of the entire clus-
ter (usually the longest, and therefore most informative
2. Background member). If the incoming sequence matches, or “hits”
any cluster primary, and further satisfies specified sim-
Clustering plays an important role in large scale ilarity criteria, itis added to that cluster. Otherwise, the
gene-discovery projects. It not only saves time by iden- incoming sequence itself becomes the primary element
tifying redundant sequences but also provides useful of a new cluster.
information regarding gene-discovery r§fé.
There are several varying clustering methods and
tools in use today. However, the objective of all such 3. Approach and implementation
methods is to effectively assess the similarity between
sequences and place theminto equivalence classes. Ide- The performance of EST clustering is measured
ally, these classes correspond, one to one, onto distinctboth by time as well as by memory resource utiliza-
genes. A number of other criteria, not apparent in the tion characteristics. Although the use of a primary
primary RNA sequence data, are necessary for suchsequence for each cluster significantly reduces both
a classification. However, a sequence-based classifica-these requirements, space remains a limiting factor for
tion is highly useful. One of the most widely used clus- large data sets. Given the nature of the problem and
tering tools is NCBI's Unigene clusterir[§]. It uses the size of the data set, parallelization is an obvious
global pairwise sequence comparison, and a stringentchoice for the implementation of this process. Compu-
protocol for assigning closely related sequences to atational and memory requirements can be distributed
common cluster. However, it does not support incre- across several computers. This allows the software to
mental clustering. Hence, each clustering “build” must scale to larger problem sizeSicluster  currently
begin from the same initial starting point. As the num- implements two different approaches of paralleliza-
ber of known ESTs itHomo sapiensurrently (2004) tion, distributing across the cluster space and the in-
stands at oevr 5 million, and requires upto one month of put space. The message passing interface (Y1l
computation time, the benefit of performing incremen- standard is used for inter-process communications,
tal clustering becomes obvious. Also, an EST relating and distribution is done among multiple UNIX pro-
to two different clusters is often discarded, overlooking cesses.
any possible alternative splice sites. A number of other
institutes and labs have developed other serial methods3.1. Parallelization on cluster space
for EST clustering[6—8]. TheUlcluster  family of
solutions (both serial and parallel) has been evolving  In this scheme of parallelization, implemented in
in a production environment at the University of lowa Ulcluster3 , each cluster is stored on exactly one
since 1997. The key characteristicd fitluster  are compute node. The clusters are evenly distributed
incremental clustering, the maintenance of a represen-among all nodes. When a sequence is brought in, it
tative element (primary) for each cluster, and a hashing is copied to all available nodes and is processed in par-
scheme to quickly identify potentially meaningful clus- allel. Since each node has a different set of clusters, the
ter matches for each newly considered input sequence.incoming sequence is compared with the divided clus-
The stringency of the clustering is a user-definable pa- ter space in parallel. Each node then communicates the
rameter, although performance is sensitive to this as- best local match to all other nodes. The node with the
pect. The parallelization df)icluster ~ based upon  bestmatch adds the sequence to its cluster space. When
both cluster spad®], and input space, isthe mainfocus no match is found, the sequence is designated as a new
of this paper. cluster and assigned to one compute node.
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3.2. Parallelization on input space Table 1
Execution time performance comparison
The input space is parallelized by dividing the se- Numberof PaCE Ulcluster3  Ulcluster4
guences intdN non-overlapping groups, whel¢ is sequences
the number of compute nodes available. Instead of dis- 5,000 10min 37s 1min
tributing clusters over different compute nodes and pro- 10,000 28min 2minand7s  3minand 28s

. . 0,000 lhand44min  8minand 42s 12mi
cessing each sequence at all nodes, mthlsschemeeac§ angagmin - Bmin and 423 min

. T 0,000 Out of memory 20 min 25min12s

node gets a fraction of the sequences. This is similar

to running the sequential version tficluster  in

parallel on all nodes with an abridged dataset. Each scripts from which the cDNAs were derived. Details of

node computes its own set of primaries. In the sec- this analysis may be found [d1].

ond stage, these primaries are compared amongst them-

selves and related clusters are merged. The efficiency4.2. Performance assessment

of this scheme is heavily dependent on the redundancy

within the dataset. If the data is highly redundant, the Both memory utilization and computation time were

clusters on each node are more likely to be merged, measured across these data sets. Table 1 presents the

involving more communication and added processing. execution time for the same analyses. In this compar-

Alternatively, lower redundancy yields more clusters. ison,Ulcluster3  requires approximately one-tenth
of the time ofPaCE As the number of input sequences
increased, the relative difference in computation time

4. Results betweerUlcluster4  andUlcluster3  decreased.
With only 5000 sequencedjclusterd  required ap-
4.1. Description of experiment proximately 60% longer thabicluster3 on the

same set of sequences. However, on the set of 30,000

To evaluate the performance of different clustering sequences, that difference was only 26%. A similar
methods, several data sets frérabidopsis thaliana reduction in computation time is observed between
and Homo sapienswere used. The methods com- PaCE and Ulcluster3 with PaCE requiring ap-
pared include parallelizing on the cluster space proximately 16-fold more computation for 5000 se-
(Ulcluster3 ), parallelizing on the input space quences, butonly 12-fold more in the data set of 20,000
(Ulcluster4 ), and the suffix-tree based method of sequences.
PaCE ThePaCEclustering progran8] was included Peak memory utilization was assessed on a single
to analyze both parallel speedup and memory require- node with 1 GB of memory, using a subset of the hu-
ments. The publically available UniGene clusters from man EST data set. Fig. 1 shows the peak memory usage
NCBI were used to asses the accuracy of the results. by the three clustering programs. Although ®P&CE
The system used in this comparison was a 16 node, program has to use at least two nodes (one master and
dual processor cluster of 500 MHz Pentium IlI's, each one slave node) only the memory utilization for the
equipped with one Gigabyte of memory. The human slave node was measured, because it performs sequence
EST data set consisted of 41,197 sequences with an av-comparisons. Values were unavailable RaCE with
erage length of 403 bp. Thrabidopsis thaliand&EST the 30,000 EST data set, as it exhausted the available
data set contained 81,414 sequences with an averagenemory. Note from this figure that the memory require-
length of 411 bp. The latter data set was used for com- mentsofUlcluster4  increase fasterthasiclus-
paring the accuracy between the programs. The useter3 as the number of input sequences grows. When
of A. thalianarather than human ESTs was important the same computation is run in parallel willfclus-
in reducing the effect of known genes on the purely ter4 , the memory requirement per node is signifi-
sequence-based clustering. Although performance iscantly reduced, as fewer clusters must be stored.
critical in making the clustering results available, and A final performance analysis was performed using
the main focus of this paper, they must also provide the complete set of human EST and mRNA sequences
an accurate reflection of the underlying mRNA tran- from human UniGene build (#159). The paralleliza-
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Fig. 1. Memory utilization.

tion on the input space method was used to predict State University for their assistance in obtaining and
the final number of clusters and the computation time using thePaCEclustering program, and Thomas Bair,

required. This data set contained nearly 4.2 million se- Dylan Tack, Jason Grundstad, Jared Bischof, Brian
guences. The clustering, utilizing 12 nodes, requires O’Leary and Jesse Walters for their help and sugges-

an estimated computation time of 100 h. For this ex- tions.

periment, the data set was divided into 12 files each
containing one twelfth of the ESTs. Thus each file con-
tained roughly 400,000 EST sequences. All of the se-

quences longer than 1100 bp were put into a separateReferences

file. These thirteen sequence files were first clustered
individually. The resulting cluster files were then clus-
tered together to compute the complete set of clusters
for the 4.2 million EST sequences. Unfortunately, the
final clustering step required more memory than was
available. Therefore, the computation time of that com-
ponent was estimated.

5. Conclusions

An alternative scheme for parallel clustering using
Ulcluster  hasbeendescribedinthis paper. The pro-
gram is comparable in accuracy to other clustering pro-
grams, but requires less computation time. Depending
upon the nature of the data set, either of the paralleliza-
tion schemes may be used to optimize the memory or
computation requirements.
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